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Abstract The continuously operating Global Positioning System (GPS) sites mounted on bedrock around
the coast of Greenland provide important geodetic data sets to quantify the solid Earth’s response to
historical and present-day ice mass variations. However, the presence of colored noise and irregular seasonal
signals makes it difﬁcult to detect transient changes in GPS time series. Here we apply the multichannel
singular spectral analysis to the combination of GPS data and Gravity Recovery and Climate Experiment
(GRACE) data so that we can identify and fully utilize the spatial correlations from these two independent
data sets. Using the GPS and GRACE data near Upernavik Isstrøm in West Greenland as an example, we
demonstrate that this method successfully detects two transient signals in ice mass variations during 2008
and 2014. Our forward modeling of loading displacements due to changes in surface mass balance (SMB)
and ice dynamics suggests that the transient change starting in mid-2008 was due to the combined
contributions from dynamically induced mass loss and SMB. The transient change starting in mid-2011
was mainly due to ablation. Speciﬁcally, the ice melted more in 2012 and less in 2013 with little contribution
from anomalies in accumulation.
1. Introduction
Studies of Greenland ice mass balance are usually framed as long-term changes in surface mass balance
(SMB) processes and ice discharge at the grounding line, both of which are controlled by atmospheric and
oceanic conditions. None of these ﬂuctuations are truly steady. SMB is the difference between accumulation
from precipitation (snow and rain), and mass loss from ablation (melting, sublimation, and runoff).
Accumulation and runoff vary strongly during the year and between years, largely driven by changes in
weather conditions (Abdalati & Steffen, 2001; Hanna et al., 2011; Steffen & Box, 2001). For instance, an
extrememelting event occurred in 2012 when 98% of the Greenland Ice Sheet reached the melting tempera-
ture (Tedesco et al., 2013). Increasing observations have demonstrated that many Greenland outlet glaciers
can abruptly change their dynamic behavior (Joughin et al., 2004; Moon et al., 2012). Yet few studies focus on
detecting and quantifying transient changes in ice mass balance.
In the past decade the Greenland GPS network (GNET), deployed on bedrock around the coast of
Greenland, has been continuously operating and monitoring the crustal displacement caused by the solid
Earth’s elastic/viscoelastic response to present/historical ice mass changes (Adhikari et al., 2017; Bevis et al.,
2012; Khan et al., 2014; Khan, Liu, et al., 2010; Khan et al., 2016; Khan, Wahr, et al., 2010; Liu et al., 2017).
Most of the previous studies have been focusing on the linear and seasonal changes in crustal
loading/unloading, whereas only a few investigated short-term changes. Bevis et al. (2012) and Nielsen
et al. (2012) found anomalies in crustal uplift at GNET sites by examining the deviation of the GPS time
series from a best ﬁt linear plus seasonal model. However, their seasonal model employed constant phase
and amplitude, which deviates from the fact that both the phase and amplitude of the seasonal signals vary
with time. Such simpliﬁcation may limit the robustness and accuracy for detecting transient changes. If we
cannot reasonably deﬁne and extract seasonal and transient signals, we cannot also accurately estimate
the linear trend, especially when the time series is short. Moreover, the GPS data used by Bevis et al.
(2012) and Nielsen et al. (2012) only spanned the period from 2007 to 2011, which was insufﬁcient to
ZHANG ET AL. GREENLAND UPERNAVIK TRANSIENT CHANGES 10,626
PUBLICATIONS
Journal of Geophysical Research: Solid Earth
RESEARCH ARTICLE
10.1002/2017JB014529
Key Points:
• Two transient events in loading
displacements are detected by
applying multichannel singular
spectral analysis to GPS and GRACE
data
• The transient signals agree well with
the modeled displacements due to
changes in surface mass balance
(SMB) and glacial dynamics
• The 2008-2011 transient was due to
both SMB and glacial dynamics; the
2011-2014 transient was mainly due
to abnormal SMB
Supporting Information:
• Supporting Information S1
Correspondence to:
L. Liu,
liulin@cuhk.edu.hk
Citation:
Zhang, B., Liu, L., Khan, S. A., van Dam, T.,
Zhang, E., & Yao, Y. (2017). Transient
variations in glacial mass near
Upernavik Isstrøm (west Greenland)
detected by the combined use of GPS
and GRACE data. Journal of Geophysical
Research: Solid Earth, 122,
10,626–10,642. https://doi.org/10.1002/
2017JB014529
Received 5 JUN 2017
Accepted 17 NOV 2017
Accepted article online 23 NOV 2017
Published online 29 DEC 2017
©2017. American Geophysical Union.
All Rights Reserved.
reveal the complete process of anomalies that initiated in mid-2010 and later. Transient variations in
glacial mass have not yet been quantiﬁed or investigated in detail, which limits our understanding of
short-term (interannual or shorter) variations in glacial mass. These limitations motivate us to introduce
an improved method and use multisources of data sets to detect and study the transient variations in
glacial mass.
In this study, we combine GPS and Gravity Recovery and Climate Experiment (GRACE) data sets to
reliably detect and quantify the transient variations in ice mass change and further investigate the
contributors for these variations through forward modeling. Speciﬁcally, we use advanced signal
analysis techniques, centered around multichannel singular spectral analysis (M-SSA), to separate transi-
ent signals from the seasonal and noise components in the geodetic time series. Furthermore, using
independent data sets from climate model outputs and glacial velocity measurements, we separately
model the vertical loading displacements due to SMB and glacial dynamics. Our forward modeling
provides quantitative insights on the relative contributions from these two mechanisms to the detected
transient signals.
In this paper, we ﬁrst brieﬂy review the commonly used transient detection methods (section 2.1) and the
M-SSAmethod (section 2.2). In sections 3 and 4, the GPS and GRACE data analysis are described, respectively.
Then M-SSA is applied to (1) the vertical GPS time series from two sites near Upernavik Isstrøm (section 5.1)
and (2) the combination of GPS and GRACE data (section 5.2). We demonstrate how to combine GPS
and GRACE data to perform the M-SSA, which detects two transient signals that pass the statistical signiﬁ-
cance test. To investigate the geophysical mechanisms for the detected transient signals, we analyzed the
SMB data (section 6.1) and ﬂuctuations in ice discharge (section 6.2). In section 7, we discuss the geophysical
reasons for the detected transient signals.
2. Singular Spectrum Analysis
2.1. Review of Transient Detection Methods Applied to Geodetic Data
McGuire and Segall (2003) used the Heaviside function, Green’s functions and reference frame errors, ran-
dom walk noise, and white noise to describe the time-varying GPS site positions. They resolved transient
aseismic fault slip using an extended Kalman ﬁlter algorithm with spatial and temporal smoothing para-
meters. Ohtani et al. (2010) developed a Network Strain Filter (NSF) to detect transient deformation signals
from large-scale GPS arrays. In addition to the secular motion, benchmark motion, reference frame errors,
and white noise, the NSF used a spatial wavelet basis with temporally varying coefﬁcients to represent tran-
sient displacements. All these parameters together with smoothing parameters are estimated by a Kalman
ﬁlter. Ji and Herring (2013) proposed a method based on Kalman ﬁlter and principal component analysis
(PCA) to detect transient signals. In this method, the linear and seasonal signals are regarded as determinis-
tic, while the noise and transient signals are treated as stochastic, the latter of which is described by a ﬁrst-
order Gauss-Markov (FOGM) process. By running a Kalman smoother, the signal-to-noise ratio (SNR) in time
is improved, and the FOGM estimates can account for the transient signals and colored noise. Then PCA is
applied to FOGM estimates to improve SNR in space. By checking PCA uncertainties in space and time, the
transient signals can be identiﬁed. This method provides the key ideas and steps of detecting transient sig-
nals: the ﬁrst is to increase SNR in space and time, and the second is to use the spatial coherence to sepa-
rate transient signals from colored noise. However, the functional model of the Kalman ﬁlter method uses
constant velocities, amplitudes, and phases, therefore cannot fully describe the real cases when the veloci-
ties of the linear signal and the amplitudes and phases of the seasonal signals change with time. This draw-
back may lead to misidentifying signals. Riel et al. (2014) proposed a sparse estimation technique to detect
transient signals. This method uses a predeﬁned dictionary of displacement functions in time to describe
transient signals at various timescales. By introducing a regularization term, the sparse functions can be
solved by a least squares estimation.
Singular spectrum analysis (SSA) is designed to extract information from noisy time series and has been pro-
ven an effective way to extract seasonal signals from a single GPS time series (Chen et al., 2013; Ghil et al.,
2002). Its multivariate form multichannel SSA (M-SSA) is more effective for handling multiple data sets and
has been successfully applied to extract periodic and nonperiodic variations from GRACE (Rangelova et al.,
2012, 2010) and GPS data (Walwer et al., 2016).
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2.2. Multichannel SSA
M-SSA is an advanced data-adaptive method that detects various signals based on simultaneously taking
advantage of the spatial and temporal correlations in geophysical ﬁelds. It does not require a priori informa-
tion on function or stochastic model, which makes it ﬂexibly applied to various kinds of data. Based on these
advantages, we choose M-SSA to detect and study the transient variations in glacial mass.
We brieﬂy describe the mathematical framework of M-SSA in this section and Monte Carlo SSA in section 2.3.
The readers can refer to Ghil et al. (2002) and Walwer et al. (2016) for further details.
Assume
Xl nð Þ : l ¼ 1; …; L; n ¼ 1; …;Nf g (1)
is an ensemble of GPS time series; each time series is a channel. L is the number of time series and N is the
number of data points in time series or each channel. M-SSA requires continuous data with a constant
sampling interval.
The key idea of M-SSA is to exploit the covariance information contained in a series of lagged copies of all
Xl(n) over a sliding M-point window (Broomhead & King, 1986; Ghil et al., 2002; Walwer et al., 2016), which
can be written as
eDl ¼
Xl 1ð Þ Xl 2ð Þ ⋯ Xl Mð Þ
Xl 2ð Þ Xl 3ð Þ ⋯ Xl Mþ 1ð Þ
⋮ ⋮ ⋱ ⋮
Xl N’ð Þ Xl N’þ 1ð Þ ⋯ Xl Nð Þ
0
BBB@
1
CCCA (2)
where N’ = N  M + 1 and M is the length of the window used to embed the original time series. M must be
carefully chosen to optimize the quantity of information while maintaining satisfactory statistical conﬁdence
(Ghil et al., 2002; Walwer et al., 2016).
The covariance matrix Tl;l0 between channels Xl(n) and Xl0 nð Þ can be calculated as (Broomhead & King 1986):
Tl;l’ ¼
1
N’
eDlTeDl’ (3)
These matrices are the blocks of a grand covariance matrix eT (size: L × M, L × M)
eT ¼
T1;1 T1;2 ⋯ T1;L
T2;1 T2;2 ⋯ T2;L
⋮ ⋮ ⋱ ⋮
TL;1 TL;2 ⋯ TL;L
0
BBB@
1
CCCA (4)
The covariance matrix eT can also be estimated directly from the data as a Toeplitz matrix with constant
diagonals (Vautard & Ghil, 1989; Walwer et al., 2016). In this study, the Broomhead and King (1986) method
is preferred.
Then the eigenvalues and eigenvectors of eT are obtained from
eTEk ¼ λkEk (5)
where λk and Ek (k = 1, 2, …, L × M) are the kth eigenvalue and the corresponding eigenvector, respectively.
Each Ek can be seen as a succession of L segments Ekl of lengthM. And E
k
l is associated with the channel Xl(n).
The eigenvectors Ek are called the spatiotemporal empirical orthogonal functions (ST-EOFs).
Using the following equation, one can project the time series Xl(n) onto the ST-EOFs to obtain the
corresponding spatiotemporal principal components (ST-PCs), denoted as Ak(n):
Ak nð Þ ¼
XM
j¼1
XL
l¼1
Xl nþ j  1ð ÞEkl jð Þ 1≤n≤N’ (6)
where k and l correspond to the kth eigenvector and lth channel, respectively.
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The ST-PCs and ST-EOFs allow us to partially reconstruct the time series Xl(n) (Ghil & Vautard, 1991; Vautard
et al., 1992). The partial signal Rkl nð Þ reconstructed by Ak and Ekl is given by
Rkl nð Þ ¼
1
n
Xn
j¼1
Ak n j þ 1ð ÞEkl jð Þ 1≤n≤M 1
1
M
XM
j¼1
Ak n j þ 1ð ÞEkl jð Þ Μ≤n≤N’
1
N  nþ 1
XM
j¼nNþM
Ak n j þ 1ð ÞEkl jð Þ N’þ 1≤n≤N
8>>>>>>><
>>>>>>>:
(7)
The partial reconstructions are essentially a ﬁltered time series that may help us to isolate signals of different
frequencies that are mixed in the original time series.
2.3. Monte Carlo SSA
Colored noise in GPS time series may have similar temporal behavior as transient signals, thus can be mista-
ken as signals (Allen & Smith, 1994). So appropriate statistical signiﬁcance tests are necessary and important
to distinguish the signal from noise. Allen and Smith (1996) ﬁrst proposed the Monte Carlo SSA (MC-SSA) to
test the signiﬁcance of the modes detected by univariate SSA, which was then extended by Allen and
Robertson (1996) to the multivariate case. Geophysical signals can be distinguished from colored noise by
checking their spatial correlations. But MC-SSA is still useful, especially when the common signals are weak
or only a few sites are available, such as our case (only two GPS sites).
The main idea of MC-SSA is to compare whether the partial variance of the data and the surrogate data are
statistically different. Surrogate data can be constructed according to particular stochastic models (Theiler
et al., 1992). For instance, we can use the power law noise model to generate surrogate data since the power
law noise is the canonical noise in GPS time series. Using the power law noise model, we generate surrogate
data XR of the same length N and dimension L as the data set being analyzed and then compare their
partial variances.
The partial variances ΛR of the surrogate data are calculated by projecting the surrogate data covariance
matrix eTR to the data ST-EOFs’ directions:
ΛR ¼ ETeTRE (8)
eTR is calculated by the same way as eT in equation (4), but using the ensemble of surrogate data XR, E is the
matrix whose L × M columns are the ST-EOFs Ek. Using a sufﬁciently large number of realizations of the sur-
rogate data, we can calculate an assemble of ΛR and thus estimate the conﬁdence intervals for the diagonal
elements ofΛR. If the eigenvalues of the data covariancematrix are within these conﬁdence intervals, the cor-
responding components are statistically indistinguishable from the surrogates.
3. Study Area and GPS Data Analysis
3.1. Upernavik Isstrøm and Nearby GPS Sites
Upernavik Isstrøm (UI) consists of ﬁve glaciers, denoted as UI 0–4 proceeding from north to south, all
terminating into the same fjord (Figure 1a). Nielsen et al. (2012) and Khan et al. (2013) studied the long-linear
ice mass change in UI and estimated that the ice mass loss rate of the UI catchment was 6.7 Gt/yr during
2005–2010, of which dynamical mass loss accounts for 80% and SMB accounts for the other 20%. The mass
loss rate started to increase in summer 2010 (Nielsen et al., 2012), but this transient change has not been well
studied. Previous studies also found asynchronous dynamical changes in the glaciers: UI-1 exhibits signiﬁcant
retreat and speedup since 2006, while the other glaciers showed different changes during the same period
(Andresen et al., 2014; Larsen et al., 2016; Nielsen et al., 2012).
Two GPS sites (SRMP and UPVK) are mounted on bedrock near UI (Figure 1a) to measure the gradient in uplift
due to nearby ice loss. SRMP (54.3937°W, 72.9107°N) is located only 1.5 km west of the UI-2’s frontal position
in 2011, whereas UPVK (56.1280°W, 72.7883°N) is on an island located 65 km farther west of the glaciers. To
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obtain daily positions, we process the GPS data from 2007 to 2016 using the GIPSY-OASIS v6.4 software
package and using conventional methods detailed in Khan, Liu, et al. (2010) and Liu et al. (2017). We
estimate the position uncertainties using the ﬂicker plus white noise model (Khan, Liu, et al. (2010);
Williams et al., 2004). We obtain the daily positions and their uncertainties in the local north, east, and up
directions in the IGS08 frame (Altamimi et al., 2012) (the GPS time series are maintained by the Technical
University of Denmark and available at ftp://ftp.spacecenter.dk/pub/abbas/GNET/v1/). The time series of
detrended GPS vertical positions and best ﬁt annual plus semiannual terms are shown in Figure 1b (for
SRMP) and Figure 1c (for UPVK).
In this study, we do not investigate the horizontal displacements due to their small magnitudes and
azimuthal sensitivity to the nearby glacial mass changes. The horizontal loading displacements are usually
2–3 times smaller in magnitude than the vertical displacements for a single isolated point load, and it will
Figure 1. (a) Locations of two GPS sites (red stars) and the ﬁve glaciers of Upernavik Isstrøm (labeled as “UI-0” to “UI-4”). The
yellow arrows indicate the ﬂow lines of the ice. The red lines indicate the calving front on 28 August 2014. The inset
shows the study area in West Greenland. (b and c) Time series of detrended GPS vertical positions (gray dots) and best ﬁt
annual plus semiannual terms (black lines) at SRMP and UPVK, respectively. To simplify the ﬁgures, uncertainties of the GPS
vertical positions are not shown.
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be much smaller for other cases (Wahr et al., 2013). Because there are ﬁve glaciers located near the GPS sites,
the horizontal loading displacements caused by each glacier partly cancel out (Wahr et al., 2013). This
canceling effect is particularly strong in the north components because ice mass changes occurred on both
the north and south sides of the GPS sites. We leave the interpretation of transient changes in horizontal
displacements to a future investigation.
3.2. Surface Mass Loadings
The variation of GPS position time series consists of two parts: geophysical signals and noise. Geophysical
signals include tectonic movement (such as plate motion) and nontectonic movement, such as movement
caused by atmosphere loading (ATML) change (Tregoning & van Dam, 2005), terrestrial water storage
(TWS) change (van Dam et al., 2001), ice loading change (Khan, Liu, et al., 2010; Liu et al., 2017), as well as
the Earth tides (Penna & Stewart, 2003), ocean tide loading (Melachroinos et al., 2008), and nontidal ocean
loading (NTOL) (Williams & Penna, 2011). We ﬁt and remove the linear trend in GPS time series, which effec-
tively removes any secular geophysical contributions (such as glacial isostatic adjustment (GIA) and plate
motion) or errors (such as reference frame drift). The annual signal is mainly associated with Earth surface
mass change but also slightly inﬂuenced by GPS systematic error such as the “GPS draconitic error.” As
viewed from the Earth, the Sun takes a period of ~351.4 days to return to the same point relative to the
GPS orbital nodes. Such periodic variation introduces the GPS draconitic error (Amiri-Simkooei, 2013; Ray
et al., 2008). In the GPS data processing, the Earth tides and ocean tidal loading have been corrected for,
so the remaining variation in the GPS time series is mainly due to the surface movement caused by the
ATML, TWS, NTOL, ice loading, bedrock thermal expansion (Fang et al., 2014), and the draconitic error. The
thermal displacement and draconitic error can be eliminated by removing the seasonal signals from the time
series and thus will not inﬂuence the detection of transient signals. As our purpose is to use GPS to detect
transient ice mass change, so the ATML, TWS, and NTOL should be well modeled and removed.
Liu et al. (2017) gave a detailed description of modeling ATML, TWS, and NTOL at the two Upernavik GPS sites.
Here we only provide a summary. Given any grid of surface mass changes, we use the elastic loading Green’s
functions calculated based on the Preliminary Reference Earth Model (PREM) with continental crust to esti-
mate the displacement response at the two GPS sites (Dziewonski & Anderson, 1981). To model the ATML,
we use the surface pressure provided by the National Center for Environmental Prediction (NCEP) reanalysis
data (Kalnay et al., 1996). We assume the oceans respond to the atmospheric pressure changes as an inverted
barometer and introduce a globally uniform pressure change at the ocean bottom to conserve ocean mass
(van Dam &Wahr, 1987). The global uncertainty of the atmospheric loading calculated by this method is eval-
uated at ~15% (Petrov & Boy, 2004). To model the NTOL, we use the “Estimating the Circulation and Climate
of the Ocean” data set to quantify the noninverted-barometer ocean bottom pressure changes. The version
used is Jet Propulsion Laboratory’s Kalman ﬁlter (kf66b) series, which assimilates altimetric heights,
Expendable Bathythermographs proﬁles, and other in situ ocean data (Fukumori, 2002; Kim et al., 2007).
According to our calculations, there is at least 98% chance that the displacements caused by NTOL at
SRMP and UPVK are less than 2mm, indicating the limited inﬂuence of NTOL on the GPS time series. Tomodel
the TWS loading, we use the Noah land hydrology model in the Global Land Data Assimilation System
(GLDAS) to quantify continental water mass changes at monthly intervals (Rodell et al., 2004, obtained from
http://grace.jpl.nasa.gov). The global 1° by 1° product provides a sum of water stored as soil moisture, snow,
and canopy, but not including groundwater or the water storage changes in rivers or lakes. It also excludes
water storage estimates from the Greenland Ice Sheet and permafrost areas. Our calculated TWS loading dis-
placements at SRMP and UPVK are dominantly regular seasonal changes with magnitudes less than 2 mm,
which indicates their minor inﬂuence in our investigation on transient changes.
3.3. GPS Noise Analysis
After the ATML, TWS, and NTOL loadings and linear trend are removed, the variations in GPS time series are
mainly driven by ice mass change, GPS systematic errors, and noise. A good knowledge of the noise
embedded in the data would help us distinguish transient signals resulting from colored noise when the
GPS data themselves are insufﬁcient to provide enough spatial correlation. Here the Hector software (Bos
et al., 2013) is used to analyze the noise in GPS time series. Before analyzing data, the “SSA-MTM Toolkit”
(Ghil et al., 2002) is utilized to interpolate the missing data in daily GPS time series with an iterative SSA
method (Kondrashov & Ghil, 2006). Power law noise is the canonical model for noise present in GPS time
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series (Williams, 2003; Williams et al., 2004). The power law process can
be expressed in the spectral domain by equation (9).
S fð Þ ¼ S0 ff 0
 α
(9)
where S(f) is the spectral density, f is the frequency, S0 and f0 are con-
stants, and α is the spectral index.
Here we use power law plus white noise as the noise model. The
Maximum Likelihood Estimation method is used to estimate functional (linear trend, annual, and semiannual)
and stochastic parameters (spectral index and the corresponding noise variance) in Hector. Table 1 lists the
spectral indexes and noise variance. Our noise analysis shows that the power law noise is indeed the domi-
nant noise type in our GPS data. To carefully identify transient signals, the estimated parameters in Table 1
will be used later in the MC-SSA test.
4. GRACE Data Analysis
We calculate the vertical displacements due to surface mass loading using the GRACE gravity data. Van Dam
et al. (2007) provided a detailed description of this method. The essence of the idea is to convert the time-
varying gravitation ﬁelds to the radial displacements using the load Love numbers. Here we only provide a
summary of this conventional calculation.
The GRACE data we use are the Release-05 Level-2 GSM products from the Center for Space Research (CSR),
University of Texas Austin. The CSR GSM products contain spherical harmonic coefﬁcients (i.e., Stokes coefﬁ-
cients) up to degree 60 for each monthly gravity ﬁeld. We include the degree-1 coefﬁcients calculated by
Swenson et al. (2008) and use the monthly degree-2 order-0 coefﬁcients from satellite laser ranging products
provided by Cheng et al. (2013). We remove the continental water mass changes from the GLDAS Noah
model, which is consistent with our GPS data analysis. The mass contributions from ocean and atmosphere
have already been removed from the GRACE GSM products.
We calculate the uplift dr of the Earth’s surface at latitude θ and longitude φ using the following equation,
same as equation (2) of van Dam et al. (2007):
dr θ; φð Þ ¼ R
Xl¼60
l¼0
Xm¼l
m¼0
WlePlm cosθð Þ Clm cos mφð Þ þ Slm sin mφð Þð Þ h0l
1þ k 0l
(10)
where R is the Earth’s radius, l andm are degree and order numbers, ePlm are normalized associated Legendre
functions, Wl is the weighting function, h
0
l and k
0
l are the load Love numbers, and Clm and Slm are the GSM
Stokes coefﬁcients. We use the Love numbers provided by Han and Wahr (1995). We apply a Gaussian
smoothing kernel of 300 km radius. We do not apply any “destriping” ﬁlter as the striping artifacts are negli-
gible over Greenland. We ﬁt and remove a linear trend from the GRACE-based displacement time series. This
completely removes the contribution from the GIA. We do not estimate the errors in the GRACE-derived
uplifts because these errors are not colored noise and therefore do not affect the MC-SSA test. We refer to
the detrended GRACE-derived uplifts as the “GRACE data” hereafter. Both the truncation at degree 60 and
the Gaussian smoothing would lead to an attenuation of the GRACE data. We follow Khan, Wahr, et al.
(2010) to apply a correction that ampliﬁes the GRACE data to match the GPS data (see section 5.2).
5. Using M-SSA to Detect Transient Changes in GPS and GRACE Time Series
To investigate the potential transient signals in the GPS and GRACE time series, we ﬁrst apply M-SSA to the
GPS data (section 5.1) and then to the combination of GPS and GRACE data (section 5.2).
5.1. Applying M-SSA to GPS Data
GPS vertical position time series from SRMP and UPVK are used to retrieve common modes caused by regio-
nal geophysical processes, in this case, ice mass changes near Upernavik Isstrøm. After ﬁlling missing data by
the SSA-MTM Toolkit, we obtain 3,357 common daily data points from both GPS sites spanning 2,007.6167 to
2,016.8049, which formulate a two-channel SSA. Our synthetic tests in sections S1 and S3 in the supporting
information justify our M-SSA settings and suggest that a window width of 700 days could effectively
Table 1
Spectral Indices and Noise Variance in the Vertical GPS Time Series
Spectral index Power law noise (mm/yr1/4) White noise (mm)
SRMP 0.8327 13.44 0.21
UPVK 0.7146 16.27 0.01
Note. The power law noise is scaled to mm/yr1/4.
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separate the seasonal and transient signals. After applying M-SSA to the detrended GPS data, we obtain ST-
EOFs and partially reconstructed components by using equation (7).
Figure 2 shows the ST-EOFs corresponding to the largest six eigenvalues, including possible transient signals
(ST-EOFs 1 and 2), annual signals (ST-EOFs 3 and 4), and semiannual signals (ST-EOFs 5 and 6). Figure 3 shows
the ﬁrst 10 partially reconstructed components (RC), among which the ﬁrst six correspond to the modes
shown in Figure 2. RCs 3 and 4 are mainly annual signals. RCs 5 and 6 are mainly semiannual signals. The
amplitudes of the signals are larger at SRMP than at UPVK because SRMP is closer to the ice mass. RCs 7
and 8 appear to be seasonal signals but their varying patterns are not as clear as RCs 3, 4, 5, and 6. From
the ninth onward, the RCs are high-frequency signals or noise, which are not of interest to us. Both RCs 1
and 2 indicate strong potential transient signals during 2008 and 2014 (Figure 3). But RC2 is a result of the
spectral mixing of the seasonal modes and the transient modes. The sign of spectral mixing is also evident
from the eigenvalues in Figure 4. Namely, the second eigenvalue lies between the ﬁrst and third, rather than
coming in pair with the ﬁrst eigenvalue (two modes with similar variance usually come in pair to represent
the same signal, see Rangelova et al., (2010, 2012). Since the number of sites is so small (only two), we cannot
rule out the possibility that the colored noise in both time series may show similar variations with transient
signals. Therefore, the MC-SSA test is necessary.
In the MC-SSA test, the surrogate data are constructed according to the power law noise model and the para-
meters in Table 1. Here the ﬁrst 10 modes are tested by generating surrogate data in the following procedure
that is similar to the work of Walwer et al. (2016). We ﬁrst remove the ﬁrst 10 RC from the original data. Next,
we add the simulated power law noise. Then we apply the MC-SSA to the surrogate data as described in
section 2.2 and obtainΛR from 500 realizations. Figure 4 shows comparisons among the ﬁrst 30 eigenvalues
and the corresponding 95% conﬁdence intervals from the MC-SSA test.
In Figure 4, from the eleventh eigenvalue onward, the eigenvalues are within the conﬁdence intervals, indi-
cating that these components are within the noise level. Among the ﬁrst 10 eigenvalues, the ﬁrst, seventh,
and eighth ones are also within the conﬁdence interval, while the others are all above the conﬁdence inter-
vals. Figure 4 shows that the conﬁdence intervals are wide for the transient-associated components (ﬁrst and
second). This is because the Hector software cannot recognize transient signals in the GPS time series but
instead treats them as colored noise, thus leading to overestimating the spectral index and variance for
the noise. Larger spectral index and noise variance lead to the wider conﬁdence intervals. Therefore, it is pos-
sible that a true transient signal might bemistakenly identiﬁed as colored noise by the MC-SSA test, especially
when the number of sites (i.e., channels) is not sufﬁcient to provide conﬁdent common modes in space. Our
synthetic tests in section S2 in the supporting information conﬁrm that (1) the transient signals are prone to
be misidentiﬁed as colored noise and (2) the colored noise with a larger spectral index makes it more difﬁcult
Figure 2. The spatiotemporal empirical orthogonal functions (ST-EOFs) corresponding to the largest six eigenvalues of the
M-SSA analysis using GPS vertical time series at SRMP and UPVK.
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to accurately detect seasonal and transient signals. In addition, the RC1 in Figure 3 shows very similar
variations at both sites which are characteristic of spatially correlated signals other than colored noise. To
improve the conﬁdence in identifying transient signals, we combine the GPS and GRACE data to improve
the effectiveness of the MC-SSA in distinguishing signals and noise.
5.2. Applying M-SSA to GPS and GRACE Data
Both GRACE and GPS data reﬂect similar loading signals due to glacial mass changes. Therefore, we can add
the GRACE data as the new channel(s) to the two GPS time series in the same M-SSA analysis as the one we
apply to the GPS data only in section 5.1. However, the GPS data are daily, whereas the GRACE data are
monthly. To make them consistent and applicable in the M-SSA, we interpolate the GRACE data to
daily intervals by an iterative form of the SSA method (Kondrashov & Ghil, 2006) provided by the SSA-
MTM Toolkit (Dettinger et al., 1995; Ghil et al., 2002). The window width of SSA is 400 days, and the ﬁrst
40 components are used to reconstruct the GRACE time series.
Using this method, we can fully utilize the signals embedded in
GRACE monthly data without introducing any artiﬁcial components.
The interpolated daily data and the original monthly data are shown
in Figure 5.
As the GRACE gravimetric data have a footprint size of ~300 km, much
larger than the 60 km distance between SRMP and UPVK, the
GRACE-based vertical deformation at the two sites are nearly identical.
Therefore, we only use the GRACE-based vertical displacements at
SRMP in the remaining analysis and discussion.
We apply the same M-SSA method to the combined GPS (two chan-
nels) and GRACE data (one channel). Then we obtain the reconstructed
components as shown in Figure 6. The results in Figures 6a and 6b are
similar to the previous results using only GPS data shown in Figure 3.
To distinguish the transient signals from noise, we perform the MC-SSA
test with the same settings as in section 5.1 to the combination of GPS
and GRACE data. Figure 7 shows the test results. Compared with the
Figure 3. The reconstructed components (RC, in mm) using the ﬁrst 10 spatiotemporal principal components and ST-EOFs
corresponding to the largest 10 eigenvalues.
Figure 4. Results of the Monte Carlo SSA tests. The ﬁrst 10 components are
tested against power law noise. Blue dots are the eigenvalues of the covar-
iance matrix of the original time series. The error bars are 95% conﬁdence
intervals calculated from 500 realizations of surrogate data.
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previous GPS-based results shown in Figure 4, the eigenvalues corre-
sponding to the ﬁrst, seventh, and eighth components now lie above
the intervals, indicating that the ﬁrst 10 components are not colored
noise but statistically signiﬁcant signals.
Because of the spectral mixing of transient and seasonal signals in RC 2
as shown in Figures 6 and 7, we reapply M-SSA to the RC 2 components
to further separate them and refer to the separated transient and sea-
sonal signals as the decomposed RC 2. Finally, we recover the transient
signals and seasonal signals using RCs 1, 3, 4, 5, 6, and the decomposed
RC 2. RCs 7 and 8 appear to be seasonal perturbations with small ampli-
tudes and are neglected here.
As shown in Figure 8, the transient and seasonal signals from the three
time series are well recovered and show similar temporal variations. At
60 km farther away from the ice, the ice mass loading at UPVK is smaller
than that at SRMP. In addition, the semiannual variability is strong at UPVK but relatively weak at SRMP,
contributing to the phase difference between the two sites. This could be seen from the comparisons
between the GPS and GRACE data at SRMP in Figure 8.
To make the GRACE data comparable with the GPS data, we follow Khan, Wahr, et al. (2010) to apply a correc-
tion by multiplying a constant to the GRACE-based uplift. This scaling constant is estimated as 2.04 by ﬁtting
the sum of the seasonal and transient signals at SRMP. Then we use this constant to scale up the GRACE-
based seasonal and transient signals, respectively. As shown in Figure 9, the scaled GRACE data agree well
with the GPS data.
In Figures 8b and 9b, the detected transient signals show an abnormal subsidence (called “Transient Event 1”)
during mid-2008 andmid-2011 and an abnormal uplift (called “Transient Event 2”) during mid-2011 andmid-
2014. These anomalies are stronger in GPS signals than in the unscaled GRACE signals (Figure 8b). And the
anomalies in GPS signals are stronger at SRMP than at UPVK (Figure 8b). The scaled transient GRACE signals
are similar to the GPS signals in both magnitude and phase.
Figure 5. Monthly detrended GRACE-estimated vertical displacements (red
circles) and interpolated daily data (gray dots) at SRMP.
Figure 6. The ﬁrst 10 reconstructed components (in mm) corresponding to the largest 10 eigenvalues when M-SSA is applied to the daily (a and b) GPS and
(c) GRACE data.
Journal of Geophysical Research: Solid Earth 10.1002/2017JB014529
ZHANG ET AL. GREENLAND UPERNAVIK TRANSIENT CHANGES 10,635
6. Forward Modeling of Transient Changes in Ice Mass
Loading Displacements
To quantitatively explain the detected transient signals, we investigate
the loading displacements due to two glacial mass components,
namely, SMB (section 6.1) and glacial dynamics (section 6.2).
6.1. Ice Mass Changes Due To SMB
Using the simulated SMB of Greenland Ice Sheet from the regional cli-
mate MAR model (version 3.5.2) forced by European Centre for
Medium-Range Weather Forecasts ERA-Interim data (Fettweis et al.,
2017), we calculate the radial displacements caused by SMB using the
same Green’s function method as described in section 3.2. As the
SMB output are expressed as monthly increments, we ﬁrst calculate
the accumulated SMB-estimated displacement by integrating the
incremental data and then remove a linear trend from it. We refer to
the detrended SMB-estimated displacement as the “SMB data” hereafter.
Since there are no “true values” of the SMB ﬁelds, we cannot accurately determine the uncertainty of the
inferred displacements. Instead, we compare our simulated displacements with those inferred using MAR
models forced by two other reanalysis data (NCEP-NCARv1 and 20CRv2) and those from an alternative
SMBmodel Regional Atmospheric Climate Model version 2.3 (Noël et al., 2015). We take the largest difference
among these SMB models to give a conservative estimate of the uncertainty in the simulated vertical displa-
cements as ±1.54 mm at SRMP and ±0.87mm at UPVK. Given the peak-to-peak amplitude of the uplift caused
by SMB (~8 mm at SRMP and ~3.8 mm at UPVK), we conclude that the SMB uncertainty has limited inﬂuence
on the uplift results.
To identify the transient signals in the SMB data, we apply M-SSA to the SMB data at SRMP and UPVK with the
same settings as before. Since the monthly SMB data are purely simulation results and do not contain colored
noise, the MC-SSA test is unnecessary and thus not performed. Figures 10 shows the reconstructed transient
signals at SRMP. The other reconstructed components and seasonal signals are in section S4 in the support-
ing information. The SMB transient signals showed a very similar varying trend with the GPS and GRACE
transient signals during 2011 and 2014. However, the SMB transient signals that occurred during 2008 and
2011 were slightly inconsistent with the GPS and GRACE transient signals during the same period.
6.2. Ice Mass Change Due To Glacial Dynamics
In addition to SMB, changes in ice discharge can also change ice mass balance. There are ﬁve marine-
terminating outlet glaciers located in UI catchment, losing several to tens of gigatons of ice per year by glacial
dynamics (Larsen et al., 2016). To quantify the dynamically induced mass loss and its temporal changes, we
perform a simple ﬂuxgate calculation similar to Rignot and Kanagaratnam (2006) and Larsen et al. (2016). We
use the glacial surface velocity maps produced by Joughin et al. (2010)
and updated in 2017 using synthetic aperture radar (SAR) offset track-
ing. The time span is from 2009 to 2016, and the temporal interval is
about 2.5 months. Figure 11a shows an example of a velocity map for
November 2014. We use the ice thickness map constructed
by Morlighem et al. (2014). Figure 11a also shows the ﬂuxgates and
the glacier catchments we delineate manually based on the spatial pat-
terns of the velocity ﬁeld and the bedrock elevationmap. For simplicity,
themathematical framework described below is for an individual outlet
glacier and its catchment.
We follow three steps to calculate the dynamical displacements at the
GPS sites. First, we calculate the total ice ﬂux through the ﬂuxgates.
Knowing the surface ice velocity V and ice thickness H along a ﬂuxgate
with a width W, we calculate the rate of ice mass passing through the
ﬂuxgate, denoted as _mD by performing the following integral
Figure 7. Similar to Figure 4 but for the test results of when MC-SSA is applied to
the combined GPS and GRACE data.
Figure 8. The reconstructed (a) seasonal and (b) transient signals using com-
bined GPS and GRACE data. The red vertical dashed lines indicate the temporal
ranges of two detected transient signals.
Journal of Geophysical Research: Solid Earth 10.1002/2017JB014529
ZHANG ET AL. GREENLAND UPERNAVIK TRANSIENT CHANGES 10,636
_mD tð Þ ¼ ρ∫W0 V tð ÞHdw (11)
where ρ is the ice density, set as a constant of 913 kg/m3 as the study
area is located in the ablation zone, and dw is the incremental width.
As the ﬂuxgates are set as close to the glacier terminus as possible,
the glacier mass losses downstream of the ﬂuxgates are neglected.
The only time-varying parameter in equation (11) is the ice velocities.
We ignore any temporal change of the ice thickness along the
ﬂuxgates.
Figure 12a shows the time series of our calculated dynamic mass loss
rates for the ﬁve glaciers and their sum. UI-1 showed a moderate mass
loss rate before mid-2010, followed by a signiﬁcant increase, then
maintained at a relatively high rate until mid-2011, and then gradually
slowed down to the pre-2010 level. UI-2 showed a clear increasing
trend in mass loss rate. UI-0, UI-3, and UI-4 showed small and relatively
stable mass loss rates from 2009 to 2016.
The surface elastic displacement due to ice dynamics is determined not only by total mass ﬂux change as
calculated using equation (11) but also by its spatial distribution within the catchment including retreat of
the glacier terminus. So the second step is to distribute the total ice ﬂux within the catchment. We use a
simple data-driven approach to distribute the total mass ﬂux. The idea is to estimate the spatial pattern of
dynamic mass loss, which is the difference between the total mass loss and the SMB. We use an elevation
change map from 2009 to 2014 with a resolution of 2 km, produced using altimetry data from ICESat,
IceBridge, and CryoSat-2 (updated from Khan et al., 2013; Kjeldsen et al., 2013; Khan et al., 2016) and take
it as the total mass loss. Then we remove the cumulative SMB changes (the MAR outputs) during the same
time span from it to obtain ice elevation change induced by glacier dynamics, as shown in Figure 11b. The
dynamical ice elevation changes in the drainage basins of UI-0, UI-1, UI-2, and UI-4 are negative values.
These are reasonable since dynamic mass loss accounts for ~80% of the total mass loss from the entire UI
catchment (Khan et al., 2013; Nielsen et al., 2012). However, the dynamical ice elevation change in the UI-3
basin seems problematic because of many positive values. Nonetheless, the contribution of UI-3 on the dyna-
mical mass changes and the associated vertical loading was small, therefore does not affect our modeled
transient uplift much.
We further assume that the dynamic mass loss follows a ﬁxed spatial distribution pattern during any given
interval between 2009 and 2016. Namely, we distribute the time-varying total ice ﬂux within the catchment
according to constant dynamical elevation changes shown in Figure 11b. We make this strong assumption
due to the lack of time-varying ice thickness data. Using this ﬁxed pattern, we can distribute the calculated
dynamic mass loss over the ice ﬁeld for each interval. The sum of the distributed dynamic mass loss within
each catchment is equal to the total ﬂux.
After distributing the dynamical mass loss rate, we proceed to the third and ﬁnal step to use the mass loss
rates at all points in Figure 11b to calculate the uplift rates at SRMP and UPVK using the same Green’s func-
tions method described in section 3.2. By removing the best ﬁt linear trends from the calculated uplift rates
Figure 9. Comparisons among GPS, GRACE, and scaled GRACE data at SRMP.
The dashed lines are the scaled GRACE signals generated by multiplying the
GRACE data by a constant factor of 2.04.
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Figure 10. Reconstructed transient signals from GPS, scaled GRACE, and SMB at SRMP. The GPS and scaled GRACE time
series are the same as those shown in Figure 9b.
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and integrating the residuals, we calculate the transient uplifts referenced to 5 February 2009, that is, the ﬁrst
record of dynamically induced uplift. Figure 12b shows the transient vertical displacements at SRMP caused
by individual glacier catchment and their sum. The time series of UI-Sum is characterized by a subsidence
before mid-2010 followed by a rapid uplift till late 2011 and then keeping a relatively high position till
mid-2014 and then showing a subsidence till mid-2016. Among the ﬁve
glaciers, UI-1 and UI-2 contributed the most.
Since the dynamically induced uplift is inﬂuenced by complex error
sources that are difﬁcult to quantify, we only list three important ones
here. First, it is a strong assumption that the dynamical mass change
distribution is ﬁxed in time. But in fact, the ice ﬂux divergence, which
is directly associated with the distribution of dynamical mass change,
is varying with time. Second, the mass loss downstream of the ﬂuxgate
is ignored, which may lead to underestimation of the uplift. Third, due
to data deﬁciencies, we assume the ice thickness along the ﬂuxgates to
be constant over time. But in fact, the thickness change can be more
than 30 m from 2009 to 2014.
7. Discussion
We compare the transient signals inferred from data (GPS and GRACE)
and forward models (SMB and glacial dynamics), shown together in
Figure 13. The SMB showed very similar varying patterns as the
GPS- and GRACE-based time series from mid-2011 to mid-2014, while
the glacial dynamics showed only a small uplift during the same per-
iod. This indicates that SMB could account for most of the transient
signals in GPS and GRACE during this period. The SMB showed a
gentle subsidence from mid-2008 to mid-2011, inconsistent with the
temporal patterns of the GPS and GRACE data. But enhanced ice
discharge also caused a transient subsidence during this period,
which had similar temporal patterns as in the GPS and GRACE data,
though with a smaller amplitude. This suggests that the subsidence
Figure 11. (a) Ice velocity map for Upernavik Isstrøm between 14 November 2014 and 25 November 2014 (based on Joughin et al., 2010, updated in 2017). The white
lines mark the ﬂuxgates; the black polygons deﬁne drainage basins for each glacier catchment. The red stars indicate the two GPS sites. The inset shows the location
of the velocity map in West Greenland. (b) Elevation changes due to dynamical ice mass loss from 2009 to 2014. The background of both maps is a SAR image.
Figure 12. (a) Mass loss rates for the ﬁve UI glaciers and their sum. (b) Modeled
uplifts at SRMP due to the dynamic ice mass loss from individual glaciers and
their sum.
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anomalies during this period were due to the combined contributions from both glacial
dynamics and SMB.
Overall, our modeled vertical loading displacements due to SMB and glacier dynamics showed some weak
synchronization (Figure 13). However, some disagreements can also be observed. For instance, the phases
and magnitudes of glacial dynamics were slightly out of phase with the GPS or GRACE data. Since we apply
M-SSA to the GPS, GRACE, and SMB data, the smoothing effect may change the phases and amplitudes of
GPS signals.
In addition, the colored noise in the GPS time series also affects the amplitudes and phases of the transient
signals. In section S2 in the supporting information, we describe our synthetic experiments. We show that in
cases of colored noise with large power law index, the chances for misidentifying transient signals as noise
are high and it is more difﬁcult to separate transient signals from noise. Another reason for the disagreements
is that the temporal resolutions of the velocity ﬁelds are low, about ﬁve per year. Integrating these discrete
velocities over time may introduce some phase shifts. Figure 14 shows the comparisons between the
glacier dynamics plus SMB-inferred displacements and the GPS-GRACE-based results. In general, they show
a good agreement.
To further investigate the timing and contributors for the transient signals in ice mass change, we calculate
the annual mass accumulation and loss from SMB. For any calendar year, we deﬁne the accumulation season
as from the previous September to May of the given year, and the ablation season as from June to August in
the same year. We compute the total mass gain in accumulation seasons and total mass loss in ablation sea-
sons and then convert them to elastic deformations by the Green’s functions. The results are shown in
Figure 15.
According to this modeling exercise, SRMP uplifted 15.8 mm in the ablation season of 2012, which was sig-
niﬁcantly larger than the other years. It subsided 6.3 mm in the 2011–2012 accumulation season, which was
nearly as much as the other years. This suggests that the uplift anomalies in 2012 were caused by more abla-
tion instead of less-than-normal accumulation. In 2013, the site uplifted approximately by half the amount of
the previous year in the ablation season but subsided only ~1 mm more than the previous year, which indi-
cates that the abnormal subsidence in 2013 was mainly due to less-than-normal ablation with minor
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Figure 13. Comparisons among transient signals extracted from GPS, scaled GRACE, SMB, and glacier dynamics at SRMP.
Figure 14. Comparisons between transient signals extracted from GPS, scaled GRACE, and SMB plus glacier dynamics at
SRMP.
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contributions frommore accumulation. For the subsidence in 2009 and uplift in 2010 in GPS and GRACE data,
we observe ~1mmmore uplift at SRMP in 2010 ablation season and ~1.4 mmmore subsidence in 2009–2010
accumulation season compared with the corresponding values in the previous year. These are too small to
explain the large subsidence (~5 mm) in 2009–2010. We, thus, infer that the abnormal variations during this
period were mainly caused by glacier dynamics.
8. Conclusions
In this study, we apply M-SSA to the combination of GPS data and GRACE data near Upernavik Isstrøm inWest
Greenland. We successfully detect two transient anomalies associated with short-term changes in ice mass
balance. Our ﬁndings and conclusions are as follows. (1) According to our forward models, we ﬁnd that glacial
dynamics and SMB together account for the transient mass gain from mid-2008 to mid-2011, while ablation
anomalies account for most of the transient mass loss from 2011 to 2014. (2) When using GPS data alone,
transient signals are prone to be identiﬁed as colored noise in the MC-SSA test since the presence of transient
signals will lead to overestimation of the spectral index and variance of the noise. We demonstrate that
adding GRACE data into MC-SSA could suppress this problem to some extent.
This study proves that M-SSA/MC-SSA is a feasible and robust method to study the transient variations in
glacial mass. An improved quantiﬁcation of the short-term variations of glacial mass could help improve
the current glacial models.
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